The potential of association mapping (AM) and genomic selection (GS) has not yet been explored for investigating resistance to soybean cyst nematode (SCN), the most destructive pest affecting soybean. We genotyped 282 representative accessions from the University of Minnesota soybean breeding program using a genome-wide panel of 1536 single nucleotide polymorphism (SNP) markers and evaluated plant responses to SCN HG type 0. After adjusting for population structure, AM detected significant signals at two loci corresponding to rhg1 and FGAM1 plus a third locus located at the opposite end of chromosome 18. Our analysis also identified a discontinuous long-range haplotype of over 600 kb around rhg1 locus associated with resistance to SCN HG type 0. The same phenotypic and genotypic datasets were then used to access GS accuracy for prediction of SCN resistance in the presence of major genes through a sixfold cross-validation study. Genomic selection using the full marker set produced average prediction accuracy ranging from 0.59 to 0.67 for SCN resistance, significantly more accurate than marker-assisted selection (MAS) strategies using two rhg1-associated DNA makers. Reducing the number of markers to 288 SNPs in the GS training population had little effect on genomic prediction accuracy. This study demonstrates that AM can be an effective genomic tool for identifying genes of interest in diverse germplasm. The results also indicate that improved MAS and GS can enhance breeding efficiency for SCN resistance in existing soybean improvement programs.
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Rhg1 on chromosome 18 and Rhg4 on chromosome 8 were the two genes repeatedly mapped in multiple resistance accessions in biparental populations (reviewed by Concibido et al., 2004 ). However, a major limitation with this type of genetic mapping is that it only captures a portion of soybean's overall genetic variability in SCN resistance because it is based on limited numbers of parents. With the advance of high throughput, cost-effective marker genotyping platforms, AM has proved to be a powerful genomic tool for whole genome analysis and genetic dissection of complex traits in crop species (Huang et al., 2010; Jia et al., 2013; Li et al., 2013; Mamidi et al., 2011) . Given high-density marker panels, AM provides an opportunity to identify QTL at a higher mapping resolution by taking advantage of historical linkage disequilibrium (LD) with diverse germplasm collections including unstructured populations from breeding programs (Asoro et al., 2013; Mamidi et al., 2011; Sukumaran et al., 2012) . In the University of Minnesota soybean breeding program, rhg1 is the only known resistance gene characterized and deployed in the germplasm collection. Potentially, AM can identify novel resistance loci in addition to the known rhg1 through more precise dissection of genetic architecture of SCN resistance not possible in the previous biparental populations. Compared with out-crossing species, fewer markers are needed in AM to cover the entire genome of self-crossing species such as soybean because LD extends over a longer distance (Lam et al., 2010) . One of the constraints to AM is the existence of subpopulations in mapping population, which can cause spurious associations when trait variation is correlated with subpopulation structure. Mixed linear models have been developed and applied to AM to reduce the number of the false positive associations caused by population structure and relatedness (Yu et al., 2006; Zhang et al., 2010) .
To deploy the major SCN resistance genes in breeding germplasm, several molecular markers have been developed and implemented in breeding programs by means of MAS (Concibido et al., 1996; Cregan et al., 1999; Mudge et al., 1997) . Although the use of molecular markers can potentially reduce resources and time needed for breeding disease resistance (Young, 1999) , only QTL with large effects are selected and ultimately deployed in improved cultivars. Additionally, the intensive use of large-effect resistance QTL can shift the virulence phenotypes of nematode populations to overcome resistance. Therefore, an alternative markerbased selection strategy that accesses a broader range of variation while breeding for durable SCN resistance is highly desirable. Genomic selection (GS) is a promising selection method for complex traits based on the use of all marker information to capture the genetic variance generated by numerous small-effect loci (Bernardo and Yu, 2007; Meuwissen et al., 2001) . Genomic selection involves two phases: model training and prediction. In training phase, data mining algorithms are employed to train a GS model by fitting both phenotypic and genotypic data. In the prediction phase, genomic estimated breeding values (GEBVs) of experimental breeding lines can be calculated using only genotypic data. These GEBVs are then used to select the individual breeding lines for advancement in the breeding cycle. Since 2007, a rapidly increasing number of studies have evaluated the performance of GS for important traits in crop species. In maize (Zea mays L.), barley (Hordeum vulgare L.), and Arabidopsis thaliana datasets, the accuracy of predicting genotypic values was consistently higher with GS than with QTL-based selection (Lorenzana and Bernardo, 2009) . Heffner et al. (2011) found that average prediction accuracies using GS could be 28% greater than with MAS and were 95% as accurate as phenotypic selection for single traits in wheat (Triticum aestivum L.). The advantage of genomic over phenotypic prediction of traits in oat (Avena sativa L.) was larger under lower heritability and a larger training dataset (Asoro et al., 2011) . More recently, Lorenz et al. (2012) and Rutkoski et al. (2012) evaluated genomic prediction models for Fusarium head blight resistance in barley and wheat, respectively.
The objectives of this project were to apply two state-of-the-art genomic approaches, AM and GS, to (i) explore the diversity of SCN resistance currently present in a public soybean breeding germplasm by assembling a representative collection of soybean accessions; (ii) identify novel resistance loci beyond the known rhg1 gene, which might contribute to breeders' efforts in improving SCN resistance in soybean breeding; and (iii) evaluate the potential of GS as an improved breeding approach for complex disease resistance in soybean.
MATERIALS AND METHODS

Germplasm and Genotyping
After pedigree analysis of historical crosses collected from the University of Minnesota soybean breeding program using PediTree (van Berloo and Hutten, 2005) , we selected a panel of 282 representative accessions based on footprint values that were calculated as the sum of the weighted contribution of individual accessions. The selected accessions included ancestral lines, plant introductions, elite lines, advanced breeding lines, and released public cultivars (Supplemental Table S1 ). We conducted both AM and GS with the same set of 282 accessions. All selected accessions were planted in the field to increase and generate pure seeds in 2012. DNA was extracted from young leaves of each accession using DNeasy 96 Plant Kit (QIAGEN, Valencia, CA). We genotyped DNA samples using an Illumina GoldenGate SNP assay with the Universal Soy Linkage Panel 1.0 . The SNPs with >5% minor allele frequency (MAF) and a missing data rate < 50% were retained, followed by imputation of missing SNP data based on population mean of each marker. Total 1247 SNP markers passed the filters and were used in the subsequent analysis.
Phenotyping
We performed a greenhouse assay of plant responses to SCN HG type 0 at the National Center for Soybean Biotechnology, University of Missouri in spring 2013. The greenhouse experiment was run twice with five plants for each accession in each run. Experiments were conducted according to the Standardized Cyst Evaluation 2008 protocol (Niblack et al., 2009) . SCN resistance was determined by calculating the female index (FI) using Hutcheson as susceptible control line (Schmitt and Shannon, 1992) . To process samples efficiently, we utilized a fluorescence-based scanner and imaging software to count cysts in Run 1 (Brown et al., 2010) , and counted cysts in Run 2 using a stereomicroscope. Previous studies had proved the method as reliable and robust evaluation of SCN resistance (Guo et al., 2005) . We then fitted FI estimates into a linear model: y ij = u + g i + r j + g i × r j + e ij , and performed the ANOVA with basic package anova in R (R Development Core Team, 2010) , where y ij was the FI of each plant, u was the intercept, g i was the genetic value of ith accession, r j was the mean effect of jth run, g i × r j was the interactive effect of ith accession and jth run, and e ij was the residual. We represented the phenotypic value of each accession as the mean of FI across 10 individual plants.
Association Mapping
We first assessed population structure by a model-based approach as implemented in STRUCTURE (Pritchard et al., 2000) and principal component analysis (PCA) implemented in TASSEL (Bradbury et al., 2007) . To avoid overestimation of subpopulation divergence due to tightly linked SNP markers (Falush et al., 2003) , two subsets of 227 SNP markers with approximately 10 cM spacing were chosen for use in STRUCTURE. For each marker subset, k = 1 to 10 subgroups with each k value were modeled 10 times with a burn-in period and number of replications equal to 10,000 using an admixture model in STRUCTURE. The optimal k was then determined based on the rate of lnPr(X|k) change from k -1 to k; Pr = posterior probability estimated from the bioinformatics tool STRUCTURE based on the Bayesian model we used in this study. Soybean accessions were assigned to subpopulations based on the highest mean of membership probability. All SNP markers were used to investigate the population structure with PCA implemented in TASSEL (Bradbury et al., 2007) . In addition, we estimated the extent of LD and illustrated the pair-wise measures of LD (r 2 ) as a heatmap using Haploview4.2 at the genomic region of interest including rhg1 and FGAM1 (Barrett et al., 2005) . We performed the AM for SCN resistance with Kinship (K) and Population Structure + Kinship (Q+K) models, respectively, in the "rrBLUP" package (Endelman, 2011 ) in R (R Development Core Team, 2010 ). In Q+K model, the first three principal components from PCA were used to control the population structure. A false discovery rate (FDR) of 0.05 was used to control for false positive associations in AM. Manhattan plots were created based on the AM results with SNPEVG . By assuming the identified candidate genes act additively, a forward stepwise linear regression model with the FI estimates as dependent variables and the significant SNP markers as explanatory variables was constructed in R (R Development Core Team, 2010). Adjusted R 2 values were estimated from the linear regression model representing the percentage of phenotypic variation explained by the candidate genes. These R 2 values were likely up-biased estimations because the population structure and relatedness were not adjusted and these significant SNPs were preselected in the simple linear regression model.
Genomic Selection Model
Besides identifying candidate genes, the same set of phenotypic and genetic data was utilized to assess the genomic prediction accuracy for SCN resistance. The GS models we employed were: ridge-regression best linear unbiased prediction (RR; Bernardo and Yu, 2007; Endelman, 2011; Meuwissen et al., 2001) , Bayesian LASSO regression (BLR; de los Campos et al., 2009; Park and Casella, 2008; Pérez et al., 2010) , Bayesian Cp (BCP; Habier et al., 2011) , support vector machine (SVM; Long et al., 2011) , and random forest (RF; González-Recio and Forni, 2011) . The RR, BLR, SVM, and RF were implemented with the respective package rrBLUP, BLR, Kernlab, and randomForest in R (R Development Core Team, 2010). The BCP was implemented with GenSel software (BIGS.ansci.iastate. edu, verified 18 June 2014). Specifically, a total of 10,000 burn-ins and 40,000 saved iterations of Markov-Chain Monte Carlo (MCMC) were used in both BLR and BCP; vanilladot kernel and eps-svr type were used in SVM; and 500 trees and four branches were used in RF. All other parameters in each model were adopted from the guidelines and examples in the corresponding references and R package description. To account for major resistance genes identified through AM analysis, we constructed a ridgeregression best linear unbiased prediction with major genes fitted as fixed effects (RRF) model by treating the significant SNPs tagging the major genes as fixed effects while the rest of SNPs as random effects. For each fold in the subsequent cross-validation study, the significant SNP markers were first detected using the AM analysis within training set and the significant SNPs then fitted as fixed effect in the RRF model. Additionally, we extended the RRF model to FGAM, rhg, and rhg+FGAM models by fixing the significant SNP(s) tagging the corresponding genes as fixed effects.
Marker Assisted Selection Model
To set up reference methods to compare with, we constructed two MAS models: multiple linear regression model fitted with two rhg1-associated SNP markers as fixed effect to represent conventional MAS (cMAS) approach frequently implemented in the soybean breeding program for SCN resistance; and multiple linear regression model fitted with 35 top SNP markers selected based on their association with phenotypic variation as fixed effect to represent an improved MAS approach (iMAS). For each fold in the subsequent cross-validation study, SNP effects were estimated from the linear regression models in the training set and then used to predict phenotype of SCN resistance in the validation set. Because our AM study had identified four significant SNP markers tagging rhg1 gene, all six possible pairs of SNPs were sampled from the four and fitted as fixed effect in the cMAS model. The average of prediction accuracy from all six pairs was estimated. For the iMAS model, the top 35 SNP markers detected using the AM analysis within training set in each fold were fitted as fixed effect in the model. The linear regression analysis was performed with basic R package lm (R Development Core Team, 2010).
Cross Validation
We conducted a sixfold cross-validation study to avoid inflated estimation of the prediction accuracy of GS and MAS for SCN resistance. All soybean accessions first were randomly divided into six subsets. In each fold, five subsets of lines were used as training sets and the remaining subset was a validation set. Marker effects were estimated from eight different models by fitting the genotypic and phenotypic data in the training set. Marker-based prediction of line performance in the validation set was calculated by summing all marker effects of that line using only genotypic data. Prediction accuracy was calculated as the correlation between markerbased prediction and phenotypic values. The mean, SD, and confidence interval of the six folds were calculated for each model. One-tail paired t-test was used to compare the prediction performance of all assayed models to reference models cMAS and iMAS, respectively.
Marker Number
We also determined the effect of marker numbers on GS accuracy through a sixfold cross-validation by including random samples of 96, 192, 288, 384, 768, and 1152 SNPs from the full marker set in the respective RR and RRF model. Within each fold, this was repeated 100 times to avoid sampling bias for markers and the average of 100 replications was used to represent the prediction accuracy of each fold. The mean of the six folds was calculated. All prediction accuracies were estimated with R package rrBLUP (R Development Core Team, 2010) .
RESULTS
Phenotypic Analysis
The assayed soybean accessions had a mean FI = 84 with a range from 2 to 154 (Fig. 1) . ANOVA for the FI indicated that the effect of accession, run, and accession by run had significant effects (Table 1 ). The vast majority of accessions were moderately to completely susceptible to SCN HG type 0, with only 11 accessions being highly resistant (FI < 10) and eight accessions being moderately resistant (10 < FI < 30; Fig. 1 ). All 11 resistant accessions share a single resistance source of PI 88788 with no other resistance sources uncovered through pedigree searching.
Marker Profile, Population Structure
Distances between adjacent markers ranged from 0 to 29.4 cM, with a mean of 1.4 cM (Supplemental Table S2 ). Approximately 80% of adjacent markers were within 2 cM of one another and only 6% were >5 cM apart (Supplemental Table S2 ). Among a total of 1521 polymorphic markers, 69 markers had MAF < 0.01, and 232 markers had MAF < 0.05 (Supplemental Fig. S1 ). Each subset used in STRUCTURE included a random set of 227 SNP markers spanning all 20 linkage groups with an average gap size of 10 cM. Plots of natural logarithm probability difference k and k -1 (Dk) against k were similar in the pattern for two subsets (Supplemental Fig. S2 ). We observed the first rapid drop in posterior probability from k = 3 to k = 4 in both subsets, suggesting the presence of three theoretical subpopulations in our germplasm pool (Supplemental Fig. S2 ). The pairwise PCA also suggested a pattern of three clusters in the germplasm pool (Fig. 2) . Based on the incomplete pedigree information and breeder's knowledge, we identified three distinct genetic backgrounds corresponding to the three subpopulations, namely, High Protein, High Yield, and Small Seeds (Fig. 2) . Specifically, subpopulation High Protein contains mostly University-released high-protein specialty cultivars and high-protein ancestors such as Kasota, Kato, Proto, and Toyopro. Subpopulation High Yield contains mostly University-released commodity cultivars and North American elites such as Agassiz, Alpha, Amsoy, Archer, Bell, Capital, Chico, Clay, Evan, Freeborn, Mccall, and Traill. Subpopulation Small Seeds contains largely University-released food-type cultivars such as Minnatto and numerous Plant Introduction lines. These three groups were approximately coincident with the three major categories of breeding materials the University of Minnesota soybean breeding program has created in the history. Soybean accessions with moderate to high resistance to SCN were all included in subpopulation High Yield (Fig. 2) , indicating the breeder's historical efforts of stacking SCN resistance with high yield commodity cultivars.
Association Mapping
Since the results from both STRUCTURE and PCA indicated the presence of three theoretical subpopulations in our germplasm pool, we fixed the first three PCs in Q+K model. The quantile-quantile plots showed the Q+K model performed slightly better than the K model for controlling Type I error caused by population stratification (Supplemental Fig. S3 ). Thus, the Q+K model was implemented in AM for SCN resistance in the subsequent analysis. We detected a total of six significant SNPs, all on chromosome 18, in AM with FDR of 0.05, but observed no additional significant SNPs on any other chromosome. The linear regression using the six significant SNPs as the explanatory variables collectively explained 49% of phenotypic variation, which was likely biased upward by using the preselected SNPs based on their significant association with phenotypes in AM (Stanton-Geddes et al., 2013) .
Four of the six highly significant SNPs were located 3 kb to 258 kb away from the center of rhg1 gene that has been reported to confer the resistance to SCN previously in numerous studies (Table 2, Fig. 3 ; reviewed by Concibido et al., 2004) . The four significant SNPs were in a cluster of high LD (Fig. 4) . By comparing the haplotypes among resistant and susceptible lines, we identified a >600 kb haplotype block of SNP markers including the four significant ones that appears consistent with intensive selection for SCN resistance in modern breeding efforts (Table 3) .
SNP (BARC-047665-10370) with the -log 10 (P) value of 11.92 (Table 2 ) was located in the coding region of FGAM1 gene, which has previously been shown to exhibit differential gene expression in response to SCN feeding (Vaghchhipawala et al., 2004) . This SNP was not in the same haplotype block with rgh1 (Table 3 , haplotype blocks defined by complete LD between markers), but it was in the strong LD (r 2 ≈ 0.8) with all significant SNP markers at rhg1 (Fig. 4) .
Additionally, we identified a significant SNP (BARC-019001-03050) at Glyma18 g46201 on the opposite end of chromosome 18 that is predicted to encode a ring finger protein (Table 2 ; Fig. 3 ). BARC-019001-03050 was approximately 2.1 Mb away from an SSR marker (Satt517) tagging a previously described QTL associated with resistance to SCN HG type 0 in a biparental mapping population derived from a S08-80 ´ PI 464925B cross (Winter et al., 2007) .
Prediction Accuracy
The same set of phenotypic and genotypic data used in the AM analyses was used to assess the genomic prediction accuracy for SCN resistance through a sixfold crossvalidation. The prediction accuracy for SCN resistance with the RR model using the full marker set ranged from 0.44 to 0.80 with a mean of 0.66 (Table 4) . When major genes were fitted as fixed effects, the RRF model resulted in a mean of prediction accuracy of 0.61, not significantly different from any other GS models (Table 4 ). Three to eight SNP markers were detected as significant through AM analysis in the training set in each fold, and subsequently fitted as fixed effects in the RRF model. The signals at rhg1 and FGAM1 were always significant across six folds. Both BLR and BCP models assume that only a small portion of loci are causal loci with large effects and noncausal loci have infinitesimal to no effect. The prediction accuracy ranged from 0.59 to 0.75, with a mean of 0.67 in the BLR model and ranged from 0.48 to 0.71 with a mean of 0.62 in the BCP model (Table 4) . The SVM and RF models with capacity to capture nonadditive sources of genetic variability including dominance and epistasis did not outperform the additive linear regression models neither in the case of SCN resistance (Table 4) .
We also compared the six GS models with two reference MAS models: cMAS model represented by multiple linear regression fitted with two rhg1-associated SNP markers, and iMAS model represented by multiple linear regression fitted with 35 top SNP markers detected through AM within training set. The mean prediction accuracy of cMAS model was only 0.49, significantly lower than that of all GS models and the iMAS model (Table 4 ). All GS models and the iMAS model performed equivalently (Table 4) .
To further determine the sufficient number of markers for sustaining high accuracy and meanwhile reducing genotyping cost, we compared the prediction accuracy estimated from RR, rhg, FGAM, and rgh+FGAM models with different sizes of marker set. The prediction accuracy generally increased as the number of SNP markers increased, and the gain in accuracy became minimal when more than 288 SNPs were used (Fig. 5 ). The rhg+FGAM model using as few as 96 genome-wide SNPs as random effects produced the prediction accuracy of 0.60, while the RR model was only 0.50 (Fig. 5) . Using more markers substantially increased the prediction accuracy in the RR model, but had little effect in the rhg+FGAM model (Fig. 5) .
DISCUSSION
Limitations of the SNP Array
The relatively low SNP density on our genotyping panel might have limited the power of AM to identify causal variants or even generated biased results, so our study should be interpreted with caution. With only 1247 polymorphic SNPs spread across the approximately 1100 Mb soybean genome, markers generally would not be in complete LD with all the causal genes controlling variation in SCN resistance. Stanton-Geddes et al. (2013) empirically compared the AM gene candidates identified with resequencing data in Medicago truncatula versus reduced-representation SNP arrays and showed that SNP arrays could bias AM results. With more recently developed highdensity SNP chip (Song et al., 2013) and sequencing-based genotyping including genotyping-by-sequencing (Elshire et al., 2011; Xu et al., 2013) , AM should enable improved dissection of genetic variation and pinpoint causal variants more accurately in future investigations.
The average significant LD extent was 29.3 cM based on the marker panel used in this population (data not shown). Linkage disequilibrium was extensive, with longrange LD (>20 cM) observed in over half of all significant pair-wise intrachromosomal LD (Supplemental Table  S3 ). This agrees with the LD pattern identified in soybean with resequencing data by Lam et al. (2010) . Extremely high LD is one of the distinctive characteristics of soybean genome compared with most other crop species. In a high LD species, less number of markers is needed for mapping and MAS while more linkage drag and low mapping resolution are expected.
SCN Resistance Genes
The robustness of AM still enabled us to rediscover the SCN resistance gene: rhg1 using moderate-density SNP markers in a diverse set of breeding germplasm. In previous linkage mapping studies, rhg1 on chromosome 18 was repeatedly mapped in resistant accessions such as Peking, PI 88788, PI 209332, and PI 437654, while second gene, Rhg4 on chromosome 8, was identified only in Peking, PI 209332, and PI 437654 (reviewed by Concibido et al., 2004) . Kim et al. (2010) pinpointed the rhg1 locus in a 67-kb genomic region on chromosome 18. More recently, Cook et al. (2012) performed fine mapping at rhg1 locus and found that copy number variation of a genomic segment spanning three genes was required to confer resistance. By contrast, we failed to observe Rhg4 in our AM, presumably due to the lack of resistant accessions with Peking or other sources distinct from PI 88788 in the germplasm pool. We performed a pedigree search for all soybean lines with FI < 10 in our germplasm pool and only identified PI 88788 in their ancestry, but no other sources of resistance. To reveal the genetic basis of SCN resistance more thoroughly in further AM studies, a larger number of soybean accessions, including Plant Introduction lines with resistance sources distinct from PI 88788, is essential. Another possibility could be the confounding effects of two effective rhg genes, because we only evaluated plant response to SCN HG type 0 that is avirulent to both PI 88788 and Peking resistance sources. We might expect different responses if plants were inoculated with SCN HG type 2, which is virulent to PI 88788, but avirulent to Peking.
In addition to the strong signal at rhg1 locus, we identified a significant SNP with MAF of 8% within the coding region of FGAM1 gene. FGAM synthase expression has been shown to respond to nematode feeding in the Arabidopsis thaliana-Heterodera schachtii system (Vaghchhipawala et al., 2004) . Although the FGAM1 gene resides about 1.1 Mb away from rhg1 gene, its colocalized SNP exhibited extensive LD (r 2 ≈ 0.8) with almost all rhg1-associated SNPs in the population (Fig.  4) . To determine whether this significant SNP detected at FGAM1 was actually tagging the rhg1 locus, we tested a mixed model fitting rhg1 locus as a fixed effect in the AM analyses, and found the SNP at FGAM1 locus was still significantly associated with SCN resistance (Supplemental Fig. S4 ). This suggests that the FGAM1 locus independently accounts for a considerable amount of SCN resistance variation in our germplasm panel.
The significant SNP identified at the opposite end of chromosome 18 was in the noncoding region of gene Glyma18 g46201 annotated as ring finger protein (Schmutz et al., 2010) . No apparent nucleotide-binding site-leucine-rich repeat (NBS-LRR) or other potential resistance genes are known to be located nearby (Schmutz et al., 2010) . Although a previously described resistance QTL was found in the vicinity, the closer flanking SSR marker was still about 2.1 Mb away from this SNP (Winter et al., 2007) . It is possible that this SNP may tag a distant causal gene within the nearby resistance QTL interval or other uncharacterized genomic regions associated with SCN resistance. The candidate gene Glyma18 g46201 deserves further confirmation and molecular characterization.
Genomic Selection Models
More sophisticated, but computation-intensive Bayesian and machine learning models did not outperform additive linear models such as RR and RRF in prediction accuracy (Table 4 ). This may indicate that the additive linear models already capture most of the genetic variation present in our germplasm pool. In other words, the causal genes controlling SCN resistance act additively, while nonadditive gene actions including dominance and epistasis apparently contribute relatively little to variation in SCN resistance. Genomic selection studies conducted in maize, wheat, oat, and barley for both agronomic and disease traits also suggested slight differences among various genomic prediction algorithms (Asoro et al., 2011; Lorenzana and Bernardo, 2009; Lorenz et al., 2012; Rutkoski et al., 2012) .
By taking into account of the presence of major genes, the RRF model didn't increase prediction accuracy compare with the RR model (Table 4) , consistent with the findings in a simulation study in maize (Bernardo, 6  64  245  258  442  584  1120  1735   R  2  GG  GG  TT¶   AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  GG  AA  R  2  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  R  4  CC  CC  TT  AA  AA  AA  GG  GG  AA  -CC  GG  GG  AA  GG  R  5  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  R  5  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  R  5  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  R  6  CC  CC  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  R  6  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  AA  MR  24  GG  GG  TT  AA  AA  AA  --AA  AA  CC  GG  GG  GG  AA  MR  29  CC  CC  AA  GG  GG  AA  AA  AA  TT  GG  CC  CC  GG  AG  -MS  30  CG  CG  ---AA  AG  -AT  AA  CC  CC  GG  GG  GG  MS  39  CC  CC  -------AA  ----AA  MS  42  GG  GG  TT  GG  GG  GG  AA  GG  TT  GG  CC  CC  GG  AA  GG  MS  44  GG  GG  TT  GG  GG  GG  -AA  -AA  AA  CC  GG  GG  -MS  44  CC  CC  TT  AA  AA  AA  GG  GG  AA  AA  CC  GG  GG  AA  GG  MS  44  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  -CC  GG  GG  GG  MS  53  GG  GG  TT  AA  AA  AA  GG  GG  AA  AA  AA  CC  GG  GG  GG  MS  54  GG  CC  TT  GG  GG  GG  AA  GG  TT  GG  CC  GG  GG  GG  GG  MS  57  CG  CG  TT  GG  GG  GG  AA  AA  TT  AA  AA  CC  GG  GG  AA  MS  58  CC  CC  TT  GG  GG  GG  AA  AA  TT  AA  AA  CC  GG  GG  AA  S  63  CC  CC  TT  AA  -AA  GG  AG  -AA  AA  GG  -GG  AA  S  63  CC  CC  TT  GG  GG  GG  AA  AA  TT  AA  AA  CC  AG  GG  GG  S  66  GG  CC  TT  GG  GG  GG  AA  AA  TT  AA  AA  CC  GG  GG  AA  S  67  CC  CC  TT  AA  GG  AA  AA  AA  TT  AA  AA  CC  GG  AA  GG  S  67  CC  CC  TT  ---AG  GG  AT  --GG  GG  GG  GG  S  68  CC  CC  AA  AA  AA  AA  AA  -TT  AA  CC  CC  AA  -AA  S  68  CC  CC  TT  AA  AA  AA  GG  GG  AA  AA  AA  CC  GG  AA  GG  S  68  CC  CC  TT  GG  GG  GG  AA  GG  TT  GG  CC  GG  GG  GG  AA  S  68  GG  GG  TT  GG  GG  GG  AA  AA  TT  AA  AA  CC  GG  GG  AA  S  69  CG  CG  TT  GG  GG  GG  AA  GG  TT  GG  CC  CC  GG  AA  GG  S  69  GG  GG  TT  GG  GG  GG  AA  AA  TT  AA  -CC  GG  GG  GG  S  70  CC  CC  TT  GG  GG  -AA  AA  TT  -AA  CC  AG  GG  AA  S  70  CC  CC  TT  GG  GG  GG  AA  GG  TT  GG  CC  GG  GG  GG  AA  S  70  GG  GG  TT  GG  GG  GG  AA  AA  TT  -AA  CC  GG  GG  -S  70  CC  CC  TT  GG  GG  GG  AA  AG  TT  GG  AA  CC  GG  GG  AA 2013). In that study, when R 2 was 50%, heritability of trait was 0.5 and population size was 250, similar to the case of SCN resistance we studied here, selection response from GS with major gene(s) fixed was only 6% greater than GS treating major gene(s) as random effects (Bernardo, 2013) . Additionally, we compared the RRF models with different major gene(s) fixed and found the higher prediction accuracy with more genes fixed (Fig. 5) . The difference of prediction accuracy among different RRF models was more distinct when few random markers were used for GS modeling (Fig. 5) .
Genomic Selection versus Marker Assisted Selection
In soybean breeding populations targeting SCN resistance, MAS is frequently used to evaluate the SCN resistance of breeding candidates by detecting the flanking markers of major resistance genes such as rhg1 and Rhg4. However, breeders might still miss a large proportion of total genetic variation in MAS caused by numerous loci of small-moderate effects. Potentially, this additional variation in SCN response can be captured through the use of genome-wide SNPs implemented through GS. As indicated in Table 4 , breeders may be able to improve average prediction accuracy up to 0.67 through the use of all marker information, which is significantly more accurate than the conventional MAS approach with accuracy of only 0.49.
Interestingly, the iMAS model using top 35 SNPs performed equivalently to the RR model using full marker set in our study (Table 4) . This is in contrast to the results from empirical GS recurrent selection for yield and stover index in maize and cross-validation study for agronomic traits in wheat (Heffner et al., 2011; Massman et al., 2013) . A likely reason for the high predictive accuracy of iMAS in our study could be that two genes of fairly large effect control considerable variation in SCN resistance in our germplasm pool. Among the top 35 SNPs used in iMAS, we observed the six significant SNPs detected in the full panel across all the six folds. This is consistent with the narrow genetic base of SCN resistance in U.S. breeding programs, with >90% of SCN resistant cultivars grown in the Midwest coming from just a single source, PI 88788 (Concibido et al., 2004) . Continuously selecting for the same major resistant genes and growing the same resistant cultivars is likely to lead to nematodes that overcome resistance (Mitchum et al., 2007) . Thus, introduction of exotic soybean germplasm to improve SCN resistance diversity should remain an important goal in current SCN breeding programs.
In the presence of major genes in a breeding population, the preferred marker-based selection strategy, either MAS or GS, depends on the breeding goal and resource allocation. For example, when soybean breeders would like to select candidate lines with moderate resistance or horizontal resistance besides the rhg1-conferring resistance, GS tends to be more accurate than MAS in predicting the quantitative difference in plant responses to SCN. In contrast, the haplotype information we identified (Table 3 ) appeared to be sufficient for breeders to select for the highly resistant candidates in the breeding population. Since the iMAS model using 35 top SNPs had a mean of prediction accuracy of 0.63, equivalent to the GS model using full marker set (Table 4) , the iMAS obviously is more cost-effective and likely implemented in the current breeding program for SCN resistance. However, the iMAS wouldn't be sustainably effective as GS in a high throughput breeding program because many of 35 SNP markers tend to be fixed in breeding germplasm after few cycles of selections. With continuously declining genotyping costs, the iMAS might be replaced by GS considering increased genetic gain per unit cost.
Both iMAS and RRF models are probably germplasm-specific because they only capture the resistance loci currently present in our germplasm pool. In other words, the predictive ability of our model might be limited if applied to a germplasm pool where SCN-relevant loci distinct from the ones in ours. The model should therefore be updated to integrate the markers associated with the novel resistance gene(s) that the breeders desire to introgress into the germplasm pool. To maintain high prediction accuracy, model updating also applies to GS to ensure that the target resistance genes are represented in GS models.
Implementing MAS/GS in SCN Resistance Breeding
More accurate marker-based prediction, either iMAS or GS, can effectively accelerate SCN resistance breeding by increasing genetic gain per unit time and reducing the need for extensive phenotyping in soybean breeding program. Since the 1950s, soybean breeders have consistently introduced production lines with a limited set of exotic sources of SCN resistance to introgress with high-yielding elite lines in soybean breeding programs, including the program at the University of Minnesota. The breeding program has successfully developed and released numerous SCN-resistant soybean cultivars adapted to various soybean growing regions across short maturity groups through conventional MAS followed by extensive field trials. Despite the success in SCN resistance breeding, breeders agree that a cost-effective solution for sustainable resistance is required to meet the challenge of emerging SCN races of more virulence. To achieve the benefits of marker-based selection strategies over phenotypic selection, recurrent selection for multiple cycles is an effective method to increase genetic gain per unit time for complex traits. Given the high estimate of prediction accuracy, MAS with 35 most important SNPs or GS with hundreds of genome-scale SNPs can be developed as a molecular tool to assist breeders in selecting SCN resistant lines in soybean breeding programs. The more accurate prediction of phenotypes allows breeders to increase the selection intensity, leading to fewer candidate lines to be tested in the following expensive yield trials.
In an actual breeding program, breeders usually select promising lines based on the evaluations of multiple traits. A multitrait GS model can be developed by simultaneously fitting phenotypic data from the evaluations of yield, SCN resistance, and other traits of interest as dependent variables in the model. Without the need for including additional markers specifically for SCN resistance, the multitrait GS model using the existing marker panel leads to simultaneous prediction of genetic values for several traits including SCN resistance. Moreover, the prediction accuracy for low-heritability traits, such as yield, could be improved by taking the advantage of their genetic relationship with high-heritability traits in the multitrait GS .
Empirical recurrent selection with GS has been conducted to improve agronomic traits and introgress desired exotic traits to elite lines, exhibiting superiority to phenotypic selection and MAS in cross-pollinated crop species such as maize (Combs and Bernardo, 2013; Massman et al., 2013) . Recurrent selection in self-crossing species like soybean requires laborious pollination to obtain sufficient F 1 seeds in each recombination. Bernardo (2010) proposed a "select-combine-self" scheme for self-crossing crops and indicated that the selection response from GS with minimal crossing was comparable to maize by intensive use of a year-round nursery. Future studies to empirically determine the genetic gain per unit cost and time in GS or improved MAS compared with conventional MAS in an SCN breeding population will facilitate the adoption of improved marker-based selection strategy in the existing breeding program.
CONCLUSIONS
We present the first study using AM to dissect the genetic architecture of SCN resistance and evaluate the ability of GS in predicting SCN resistance. Significant signals were detected at two SCN resistance genes: rhg1 and FGAM1, plus the third locus located at the opposite end of chromosome 18. Estimates of high prediction accuracy suggest that improved MAS and GS has the potential for accurate prediction in SCN resistance breeding. Overall, our results indicate that advanced genomic tools provide insights into the genetic basis of complex disease traits as well as offer the possibility for greater genetic improvement in developing improved cultivars.
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